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Abstract
Exposure to air pollution during pregnancy is a potential cause of adverse birth out-
comes such as preterm birth and stillbirth. The risk of exposure may be greater during
vulnerable windows of the pregnancy which might only be weeks long. We demonstrate
a method to find these windows based on smoothing the risk of weekly exposure us-
ing conditional autoregression. We use incidence density sampling to match cases with
adverse birth outcomes to controls whose gestation lasted at least as long as the case.
This matching means that cases and controls are have equal length exposure periods,
rather than comparing, for example, cases with short gestations to controls with longer
gestations. We demonstrate the ability of the method to find vulnerable windows using
two simulation studies. We illustrate the method by examining the association between
particulate matter air pollution and stillbirth in Brisbane, Australia. survival analysis;
environmental epidemiology; case–control studies; pregnancy; air pollution.
1 INTRODUCTION
Methods that can estimate vulnerable windows of exposure to air pollution during
pregnancy have been identified as a priority by experts in the field (Woodruff and others,
2009). A vulnerable window is a period of gestation during which air pollution exposure is
particularly harmful to fetal development. Exposure to pollution could be most dangerous
at early gestation times when the fetus is smallest and least developed, or at late gestation
times when fetal growth quickens (Woodruff and others, 2009). Finding a vulnerable window
would help confirm potential biological mechanisms (particularly for birth defects), and so
help establish a causal link between air pollution exposure and adverse birth outcomes (Ritz
and Wilhelm, 2008). Previous attempts have used the relatively wide vulnerable windows of
months or trimesters (Bell and others, 2007; Hwang and others, 2011; Estarlich and others,
2011; Rudra and others, 2011), which will be too wide if the true critical window is in
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weeks. Using an estimated window that is wider than the true critical window will, by
regression dilution, bias the estimated risks of exposure towards the null and so increase the
probability of a type II error. The disadvantage of using the narrower window of weeks is
that it creates many parameters to estimate (e.g., 42 weeks for a full-term pregnancy).
However, the number of parameters can be reduced by borrowing-strength using smoothing.
The effects of air pollution on the fetus may be delayed when harmful exposures early in the
pregnancy only become apparent at birth. For example, pollution exposure early in the
pregnancy causes a cleft palate that is only noticed at birth. Hence methods to estimate
vulnerable windows also need to model a delay (or lag) between exposure and outcome.
We demonstrate a new method for estimating vulnerable windows of exposure to air
pollution by examining exposure by gestation time and pregnancy length. We use
conditional autoregression to smooth the estimates on a weekly time scale. We compare
stillbirth cases with controls using incidence density sampling where multiple controls are
matched to cases by the cases’ gestational age at birth. We demonstrate the ability of the
method to identify vulnerable windows using a simulation study. We demonstrate the
method using real data by examining the association between particulate matter pollution
of less than 10 µg/m3 (PM10) and stillbirth in Brisbane.
2 METHODS
Our motivating example was the association between particulate matter air pollution and
stillbirth in Brisbane. Particulate matter is a time-dependent exposure as it changes
throughout the pregnancy. We examined weekly exposure from conception to birth. We
used a time-scale of weekly exposure as the birth registry data gave gestation in weeks, and
this time-scale should be narrow enough to identify vulnerable windows of exposure. Our
pollution data was originally hourly, and so we averaged this to weeks to match the birth
data.
2.1 Incidence density sampling
Incidence density sampling is a case–control method where eligible controls are those who
were at-risk at the case occurrence time (Richardson, 2004). An example of using incidence
density sampling for birth outcome data is in Figure 1. Pregnancy G ended in a stillbirth at
30 weeks, the three eligible controls for this case are shown in blue. Pregnancies A, C and F
all ended before the case, and so are not eligible controls. Pregnancy B ended at the same
time of the case, but was a live birth and so is an eligible control. Pregnancy D is also an
eligible control because although it was also a stillbirth, its gestation at birth was longer
than the case’s gestation. If we excluded Pregnancy D because it was stillbirth we would be
conditioning on a future event. The dotted lines for pregnancies D and E show the periods
of exposure that are not used, because we are only interested in exposure from conception
to the case’s birth. For each case there may be multiple potential controls, in which case we
would randomly select a smaller subset (e.g., four controls per case).
The important feature of this matching is that the exposure period considered is the same
for the case and its matched controls (from conception to week 30 in Figure 1). This avoids
the potential problems caused by controls having longer exposure periods than cases, which
could impact on the mean exposure when considering cumulative exposure, and on the
variance as averaging over longer time periods means a smaller variance. For our method
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(that uses weeks of exposure) it is useful because cases and controls are matched by
gestation and lag. So for example, the third week before a case’s birth will be the same
gestation week as its matched controls.
2.2 Estimating vulnerable windows
We index case i using (i, 1) and its matched controls using (i, 2), (i, 3), . . . , (i, C + 1) where
C is the number of controls per case. So the binary birth outcome variable is:
Y (i, j) =
{
1, j = 1
0, j > 1
.
The logistic regression model is then:
Y (i, j) ∼ Bernoulli{p(i, j)}, i = 1, . . . , n, j = 1, . . . , C + 1,
logit{p(i, j)} = α+ η(i) + βX(i, j) +
g(i,1)∑
k=1
θ{g(i, 1), k}Z(i, j, k),
where α is the overall intercept and η(i) is the intercept for the ith matched set of case and
controls; X is a matrix of subject-level covariates with parameter estimates β; Z is a matrix
of weekly pollution exposures, g(i, 1) is the gestation week of stillbirth for case (i, 1), and θ is
a matrix of parameter estimates for pollution (explained below). The pollution estimates are
summed from gestation week 1 to week g(i, 1) for both cases and controls (as in Figure 1).
The model is fitted in a Bayesian paradigm, with priors for the intercepts and covariates of:
α ∼ N(0, 1000),
η(i) ∼ N(0, τ−2), i = 1, . . . , n,
τ ∼ Gamma(1, 1),
β
iid
∼ N(0, 1000),
where n is the number of cases.
The matrix of pollution estimates (θ) was fitted using a conditional autoregressive (CAR)
model, which smooths using a neighbourhood matrix. CAR models have been widely used
to smooth spatial data (Leonhard and Ha¨vard, 2010), but are also suitable for smoothing
over time (Barnett and Dobson, 2010). We created a quadrilateral neighbourhood matrix
that smoothed the pollution estimates (θ) according to “neighbouring” gestation weeks and
“neighbouring” pregnancy lengths, as these estimates should be similar. An example
neighbourhood matrix is in Figure 2. A contour plot of the pollution estimates (θˆ) using
this neighbourhood matrix should help identify vulnerable windows. Higher risks towards
the right of the matrix indicate an acute effect of exposure, whereas higher risks to the left
indicate a delayed risk. Higher risks towards the bottom of the matrix indicate greater risks
for relatively shorter pregnancies.
The conditional autoregressive model is:
θi|θ−i ∼ Normal
(
γ + θ¯i,
σ2θ
ni
)
, i = 1, . . . , R, (1)
γ ∼ N(0, 103),
σθ ∼ Uniform(0, 1000),
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where θ−i means every cell except cell i and there are R cells, ni is the number of neighbours
for cell i, θ¯i is the mean of θ over i’s neighbours, σ
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θ is the variance, and γ is the average, or
non-spatial, pollution effect. The variance σ2θ controls the smoothing, as smaller values mean
a tighter normal distribution and hence smoother estimates. This variance does not depend
on i, so the smoothing is applied equally across gestation weeks and pregnancy lengths.
The exponential exp(θˆi) is the odds ratio for a unit increase in pollution exposure. It can
also be interpreted as the event-specific hazard ratio.
The matrix of pollution exposures (Z) is arranged so that,
Z(i, j, k) = PM10 {c(i, j) + 7k} , i = 1, . . . , n, j = 1, . . . , C + 1, k = 1, . . . , g(i, 1),
where PM10(t) is the particulate matter exposure averaged over day t to day t− 6; c(i, j) is
conception date for subject (i, j); g(i, 1) is the gestation week of stillbirth for case i; and k is
the gestation week.
For comparison with model (1) we fitted a model assuming a common effect of pollution
over the entire pregnancy by using θi = γ. This is a much simpler model with far fewer
parameters. We also fitted a model with no pollution exposure, but with subject-level
covariates (e.g., mother’s smoking). This simple model is useful for assessing whether
adding pollution exposure to the model improves model fit. We compared the fit of these
three models using the deviance information criterion (Spiegelhalter and others, 2002).
2.3 Simulated data
We simulated pregnancy data with known vulnerable windows in order to test if our method
could detect the changes in risk in the correct windows. Wherever possible we based the
simulated data on the observed data for Brisbane.
2.3.1 Simulated pollution data.
We randomly generated daily particulate matter pollution data using the observed data for
Brisbane by creating a linear surrogate (Kugiumtzis, 2000). A linear surrogate has the same
first and second order properties as the original series. Hence our randomly generated
pollution data had the same positive skew and positive autocorrelation as the observed
particulate matter exposure. We used the particulate matter data for Brisbane from
January 2005 to June 2009 as this is the date range for the cases and controls used later.
The surrogate time series were generated using the ‘aaft’ function in the ‘season’ package of
R (Barnett and others, 2012). The observed pollution data and a random surrogate are
shown in Figure Supplementary 1.
After generating the daily pollution time series, the average exposure over the previous week
was calculated using,
PM
∗
10(t) =
1
7
6∑
j=0
PM∗10(t− j), t = 1, . . . , T,
where PM∗10(t) is the randomly generated particulate matter pollutant on day t, and T is
the total number of days.
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2.3.2 Simulated pregnancy data.
The simulated pregnancy data was based on our observed data for Brisbane. We randomly
generated pregnancy data with a vulnerable window dependent on gestation week using the
following steps:
1. Create a random conception date (c) using a Uniform distribution with a minimum of
1 February 2005 and maximum of 30 September 2008 (based on the observed data).
2. Create a random pregnancy length in weeks (w) by randomly sampling from the
observed distribution of pregnancy lengths.
3. Randomly generate an outcome of stillbirth using:
Y ∼ Bernoulli(p),
logit(p) = logit
(
653
101870
)
+ δ
{
PM
∗
10(c+ q)− PM
∗
10
}
where q is the vulnerable gestation week window in weeks, and PM
∗
10 is the overall
average of the average weekly exposures.
Steps 1 to 3 were repeated 100,000 times to give a cohort size similar to the real data, and
we created 100 such cohorts. The simulated data has a true association between pollution
and stillbirth at gestation week q, and δ controls the strength and direction of this
association. The probability of stillbirth for an average weekly PM10 exposure is equal to
the overall probability in the observed data (653/101870).
In a second simulation we simulated a vulnerable window that depended on lagged PM10
exposure using the following steps:
1. Create a random conception date (c) using a Uniform distribution with a minimum of
1 February 2005 and maximum of 30 September 2008.
2. Set the gestation to week 19 (w = 19; the shortest gestation in the observed data).
3. Randomly generate an outcome of stillbirth using:
Y ∼ Bernoulli(p),
logit(p) = logit {p(S|w)} + δ
[
PM
∗
10 {c+ 7(w − l)} − PM
∗
10
]
,
where p(S|w) is the conditional probability of stillbirth in week w based on the
observed data, and l is the lag between exposure and stillbirth in weeks.
If Y = 1 then the pregnancy ended in stillbirth.
4. If Y = 0 then randomly generate a competing outcome of live birth (yes/no) using a
Bernoulli distribution L ∼ Bernoulli{p(L|w)}, where p(L|w) is the conditional
probability of live birth in gestation week w based on the observed data. This
probability depends only gestation time, with no effect of pollution exposure.
If L = 1 then the pregnancy ended in a live birth (Y = 0).
5. If Y = 0 and L = 0 then add a week to the gestation (w = w + 1) and repeat steps 3
to 4.
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The simulated and observed data had similar cumulative probabilities by gestation week as
shown in Figure Supplementary 2
The patterns of risk in the quadrilateral for our two simulation types are shown in
Figure Supplementary 3.
2.4 Real data from Brisbane
We were interested in the association between PM10 exposure and the risk of stillbirth in
Brisbane, Australia, a subtropical city of 2 million people where most air pollution is from
vehicle exhausts.
Air pollution data were provided by the Queensland Department of Environment and
Resource Management for five pollution stations across the city. The PM10 exposure was
the daily average of these five stations.
Birth data were provided by the Queensland Perinatal Data Collection
(Data Collections Unit, 2009). We used all singleton births between 1 July 2005 and
30 June 2009. Gestational age was determined by clinical assessment at birth, since
information on the date of the last menstrual period was missing for 29% of the births and
last menstrual period may be an unreliable measure of gestational age (Ananth, 2007).
We adjusted for mother’s smoking during pregnancy (yes/no), mother’s indigenous status
(yes/no) and season. We adjusted for season by using a categorical variable of month, which
we fitted as a time-dependent exposure by using the modal month for each week of pollution
exposure.
We removed the pregnancies with long and short gestation times at the start and of the
cohort in order to avoid a truncation bias (Cain and others, 2011; Strand and others, 2011).
Although this reduces the sample size, it avoids the strong assumption that truncation
occurs at random at the start and end of the cohort, when this truncation could be due to
air pollution exposure.
To further test our method we used a negative control (Lipsitch and others, 2010), by
combining the birth outcome data with a randomly generated time series of pollution using
a log-normal distribution,
PM∗10(t) ∼ LN(0, 1), t = 1, . . . , T.
We used the log-normal distribution to create a positive skew, as the real PM10 data is
positively skewed. Obviously we would expect no association between this randomly
generated pollution exposure and stillbirth. We did not use the linear surrogate of pollution
detailed in Section 2.3.1, because this creates pollution data with a seasonal pattern and
birth outcomes are often seasonal (Strand and others, 2011).
2.4.1 Missing data.
There were some missing data for two important predictors of stillbirth: smoking and
indigenous status. We randomly imputed missing values for these two variables using the
observed marginal distribution. For example, 17.2% of women (who completed the question)
said they smoked during the pregnancy, so missing smoking data were randomly imputed as
positive with a probability of 0.172.
For the air pollution data, 6% of hourly values were missing from the five stations. We
randomly imputed the missing hourly data using a model based on the observed data
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collected from other stations at the same hour. This imputation method has been shown to
give good predictions using cross-validation (Barnett and others, 2012). Using the complete
hourly data we then calculated the daily average exposure across the five stations.
2.5 Estimation details
The simulations used 1,000 MCMC samples with a burn-in of 1,000. The analyses on the
real data used 5,000 MCMC samples with a burn-in of 5,000 thinned by 2. We visually
checked the convergence of the chains for the intercept and spatial standard deviation (see
Figure Supplementary 4 for an example). We standardised the PM10 values in order to
achieve better mixing. We used the ‘R2WinBUGS’ library in R version 2.14.1 with
WinBUGS version 1.4.3 (Sturtz and others, 2005).
3 RESULTS
3.1 Simulated results
We simulated data with a vulnerable window in gestation week 7 using q = 7 and δ = 1.
The mean odds ratios for 100 simulated data sets and the number of simulations where the
lower 95% credible interval was positive are in Figure 3. There was a clear increased risk in
week 7, particularly for pregnancies that lasted 35 weeks or more. The stronger results at
later pregnancies occurred because there were more cases in these later weeks
(Figure Supplementary 5).
We simulated data with a lagged vulnerable window using l = 5 weeks and δ = 1. The mean
odds ratio for 100 simulated data sets and the number of simulations where the lower 95%
credible interval was positive are in Figure 4. There was a clear increased risk 5 weeks
before birth, particularly for relatively short pregnancies. As in the previous simulation, the
stronger results at earlier pregnancies occurred because there were more cases in these early
weeks (Figure Supplementary 5).
3.2 Stillbirth data for Brisbane
There were 101,870 births, of which 653 (0.6%) were stillbirths. The odds ratios of stillbirth
for a 10 unit increase in PM10 exposure is in Figure 5. The largest odds ratio was for an
exposure in the first gestation week for a short pregnancy of 21 weeks, where the mean odds
ratio was 1.105 with a 95% credible interval of 0.977 to 1.305. The largest increased odds
ratios were for early gestation weeks for the shortest and longest pregnancies, but none of
the odds ratios were statistically significant.
The width of the 95% credible interval is in Figure Supplementary 6 and shows wider
credible intervals at the edge of the quadrilateral, which is as expected as these estimates
have fewer neighbours for smoothing.
The deviance information criterion is compared for four models in Table 1. For comparison
with the spatial model we fitted a model without any PM10, and a model with a non-spatial
estimate where the pollution effect was the same across gestations and pregnancy lengths.
The DIC for a model including a non-spatial PM10 estimate was slightly larger than the
model without PM10, indicating a poorer fit. The spatial model used 10 extra parameters
compared with the model without a PM10 estimate, and gave a poorer fit according to the
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DIC. The 10 extra smoothed conditional autoregressive parameters is much smaller than
maximum number of possible parameters of R = 713 by fitting an independent estimate for
each weekly estimate in Figure 5.
Our initial model smoothed using the four ‘Rook’ neighbours in the polar directions
(Figure 2). We also tried smoothing using ‘Queen’ neighbours by including the four
diagonal neighbours (like its namesake chess piece). The DIC and the average PM10 effect
were almost the same for the ‘Rook’ and ‘Queen’ neighbours, indicating that this aspect of
model choice was unimportant.
3.3 Negative control for Brisbane
The estimated odds ratios for stillbirth using a negative control are in Figure 6. Many of
the estimates were close to 1, and there were no statistically significant results (the 95%
credible intervals are in Figure Supplementary 7). However, we note the potential to
interpret patterns in the non-significant results. For example, there is a group of positive
odds ratios in the bottom-left corner.
4 DISCUSSION
Conditional autoregressive models have been successfully used to smooth correlated
estimates for spatial data. We used conditional autoregression to smooth estimates across
two time dimensions. Our simulated results demonstrate that the method is able to detect
risks during pregnancy that appear in a consistent gestation week or by a consistent lag
(Figures 3 and 4). Our method should be useful for other time-dependent environmental
exposures such as temperature or persistent organic pollutants. It should also be useful with
pollution estimates based on spatial information, such as land use regression (Hoek and
others, 2008).
Both simulations were based on a ridge-like pattern in risk (Figure Supplementary 3) which
were well detected by the simulations, albeit with some leakage into neighbouring weeks.
The conditional autoregressive model is non-parametric, which makes it able to detect a
wide variety of three-dimensional shapes. It also uses the simple assumption that
neighbouring estimates are correlated. Parametric smooths could be designed that would be
more powerful if their assumptions matched the true shape in risk (e.g., a quadratic rise and
fall in risk by gestation week). A suitable parametric model might be suggested by the
quadrilateral plot using our conditional autoregressive model. The quadrilateral plot may
also suggest a simpler model. For example, for both simulations we may have considered
ignoring pregnancy length and using a simpler model depending only on exposure by
gestation week or lagged gestation week.
An important advantage of our method is that it uses weeks of exposure, whereas previous
methods used months, trimesters or even the whole pregnancy. Averaging over these long
periods gives a very broad estimate of exposure and greatly reduces the between-subject
variance in exposure. This reduction in variance is illustrated for nine randomly chosen
women from the Brisbane data in Figure Supplementary 8. Exposures based on monthly
averages smooth over many potentially important peaks in PM10 that are better captured
by weekly exposure. Using the complete Brisbane data, the between-subject variance in
PM10 exposure is 19.7 µg/m
3 when using weeks, 6.9 µg/m3 when using months and just
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0.5 µg/m3 when using the entire pregnancy. This large reduction in the between-subject
variance greatly increases the chance of a type II error.
Looking at weeks of exposure by gestation and pregnancy length means we considered a
wide range of possibilities, including greater problems early or late in gestation time, or
greater problems for shorter or longer pregnancies. Our simulations demonstrated that the
power to detect changes by pregnancy length depends on the frequency of cases by
pregnancy length. So patterns in the quadrilateral plot should be interpreted with this
marginal frequency in mind.
An important advantage of our method is that it standardises exposure between cases and
controls by gestation time and length. This was achieved by using incidence density
sampling to create equal length exposure periods for cases and controls (Figure 1). This
makes examining lagged exposures more comparable because, for example, the third week
before a case’s birth will be the same gestation week as its matched controls. This is
important because the underlying risks of adverse birth outcomes depend strongly on
gestation week (e.g., low birth weight babies are far more common for short gestation
times). Many previous analyses of cumulative exposures have compared pregnancies of
different lengths (Son and others, 2010; Estarlich and others, 2011). This creates a tendency
for longer pregnancies to have greater cumulative exposures, leading to an obvious bias
when examining the association between cumulative exposure and pregnancy length. An
averaged cumulative exposure, e.g., cumulative exposure divided by pregnancy length, could
still be problematic as longer pregnancies would likely have less measurement error (because
of the increased sample size), and measurement error may be correlated with adverse birth
outcomes which could bias the estimate of pollution exposure (Herna´n and Cole, 2009).
Two examples of how measurement error could be correlated with adverse birth outcomes
are via a seasonal pattern (e.g., the measurement error in the pollutant and the birth
outcome both depend on season) or (when the pollution data are spatial) a spatial pattern
(e.g., the measurement error in the pollutant and the birth outcome both depend on
neighbourhood socio-economic status).
We found no association between PM10 exposure and stillbirth for the Brisbane data using
the quadrilateral plot (Figure 5), and this null association was confirmed using the deviance
information criterion (Table 1). A study in Taiwan using a much larger sample size found
an association between PM10 exposure during the first and second month of gestation
(Hwang and others, 2011). The largest increases in risk in the quadrilateral plot for our
data were at early gestation times (Figure 5), and it is possible that a larger sample may
have given a statistically significant association. However, a similar pattern occurred for the
negative control (Figure 5), which underlines the importance of not over-interpreting
patterns in the quadrilateral plot, and the value of using negative controls.
4.1 Limitations
Our Bayesian model was estimated using WinBUGS and required a relatively large amount
of computer time to create the Markov chain Monte Carlo estimates. Running the model to
produce Figure 5 took approximately 12 hours on a standard desktop computer. Longer
running times should be expected for larger sample sizes and more common adverse birth
outcomes such as preterm birth. Because of the large amount of computer time required, we
used a nested case–control study rather than examining the full cohort of all births. When
considering the time-dependent effects of hospital-acquired infection, an incidence density
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approach has been shown to be equivalent to the full cohort, but with slightly wider
confidence intervals (Gail and Benichou, 2000). We would expect a similar slight loss of
power from using a subset of the full cohort in this context.
We did not use sensitivity analyses concerning the imputed pollution data or the imputed
data for mother’s smoking and aboriginal status, as missing data were not the focus of this
paper. However, we strongly recommend using multiple imputation for dealing with missing
data.
We had no information on pregnancies that ended before 19 week’s gestation as these were
not registered in the birth data. These pregnancies could potentially bias our estimated
effects if the truncation is associated with pollution exposure.
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Table 1: Deviance information criterion (DIC) for four models, together with the difference
in DIC and the average PM10 effect (γ). The smaller the DIC, the better the model.
Estimated number Average PM10 effect (γ)
Model of parameters (pD) DIC ∆ DIC Mean 95% CI
No PM10 15.0 3256.7 0.0 – –
Non-spatial PM10 16.2 3258.6 1.8 1.035 0.957, 1.099
Spatial PM10, Rook neighbours 25.0 3261.9 5.2 1.036 0.961, 1.101
Spatial PM10, Queen neighbours 25.0 3261.3 4.6 1.035 0.963, 1.100
CI = credible interval, ∆ = difference
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Figure 1: An example of using incidence density sampling for birth outcome data. Preg-
nancy G is the case and pregnancies B, D and E are eligible controls. The dotted lines for
pregnancies D and E show the gestation times that are not used in the analysis.
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Figure 2: Example quadrilateral neighbourhood matrix for estimating the smoothed effect
of air pollution throughout pregnancy. The numbers in each cell are the week of gestation
(ranging from 1 to 32 in this example). The highlighted cell is week 5 for a case who gave
birth in week 23. We would expect any effect of pollution in this week to be similar to the
preceding and subsequent weeks (weeks 4 and 6 in the same row), and the same timing of
exposure for pregnancies that were a week longer or shorter (weeks 5 in the same column).
These four neighbouring cells are highlighted in lighter grey. The conditional autoregressive
model smooths the central estimate using the four neighbours.
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Figure 3: Mean odds ratios by gestation time and pregnancy length (left) and number of
simulations where the lower 95% credible interval was positive (right). Estimates from 100
simulations with a known vulnerable window in gestation week 7.
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Figure 4: Mean odds ratios by gestation time and pregnancy length (left) and number of
simulations where the lower 95% credible interval was positive (right). Estimates from 100
simulations with a known vulnerable window at a lag 5 of weeks.
0.98 1.00 1.02 1.04 1.06 1.08 1.10
1 10 20 30 40
20
25
30
35
40
42
Fi
na
l g
es
ta
tio
n 
we
e
k 
fo
r 
ca
se
s
Gestation weeks
Figure 5: Odds ratios of stillbirth by gestation time and lagged PM10 exposure time for the
Brisbane data.
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Figure 6: Odds ratios of stillbirth by gestation time and lagged PM10 exposure time for the
Brisbane data using a randomly generated pollution series as a negative control.
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Figure Supplementary 1: The observed time series of particulate matter air pollution (left)
and a randomly generated surrogate with the same first and second order properties (right).
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Figure Supplementary 2: Cumulative incidence probabilities of live birth (left) and stillbirth
(right) in the observed data and one simulated data set using a consistent lag.
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Figure Supplementary 3: Patterns of risk (grey areas) fir the two simulations. The left panel
shows the pattern when the risk has a consistent gestation week. The right panel shows the
pattern when the risk has a consistent lag.
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Figure Supplementary 4: Markov chain Monte Carlo estimates for the intercept (α, top) and
spatial standard deviation (σθ, bottom) for the model of PM10 exposure on stillbirth.
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Figure Supplementary 5: Mean number of cases in each week for the 100 simulations using
an association between exposure and adverse birth outcome that has a consistent week (left)
and consistent lag (right).
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Figure Supplementary 6: Width of the 95% credible interval for the association between
stillbirth and PM10.
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Figure Supplementary 7: Lower (left) and upper (right) 95% credible intervals for the odds
ratios of stillbirth by gestation time and lagged PM10 exposure time for the Brisbane data
using a randomly generated pollution series as a negative control. All of the 95% credible
intervals included 1.
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20
Figure Supplementary 8: PM10 exposure during pregnancy for nine randomly selected women
from the Brisbane data. Daily exposure is in grey, average weekly exposure in blue, and
average monthly exposure in red. Exposures that average over months have a relative small
variance, and greatly smooth the peaks in exposure.
PM
10
 
(µg
/m
3 )
20
40
60
80
Oct Jan Apr Apr Jul Oct Jan Oct Jan Apr
Sep Nov Jan Apr Jul Oct Jul Oct Jan
20
40
60
80
20
40
60
80
Jul Oct Jan Jul Sep Nov Jan Oct Jan Apr
21
